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To support biomedical experts in their knowledge discovery process, we have developed a literature min-
ing method called RaJoLink for identiﬁcation of relations between biomedical concepts in disconnected
sets of articles. The method implements Swanson’s ABC model approach for generating hypotheses in
a new way. The main novelty is a semi-automated suggestion of candidates for agents a that might be
logically connected with a given phenomenon c under investigation. The choice of candidates for a is
based on rare terms identiﬁed in the literature on c. As rare terms are not part of the typical range of
information, which describe the phenomenon under investigation, such information might be considered
as unusual observations about the phenomenon c. If literatures on these rare terms have an interesting
term in common, this joint term is declared as a candidate for a. Linking terms b between literature on a
and literature on c are then searched for in the closed discovery to provide additional supportive evidence
for uncovered connections. We have applied the method to the literature on autism and have used MED-
LINE as a source of data. Expert evaluation has conﬁrmed that the discovered relations might contribute
to a better understanding of autism.
 2008 Elsevier Inc. All rights reserved.1. Introduction
Scientiﬁc progress can be accelerated by knowledge exchange
that fosters new discoveries. Since an abundant quantity of scien-
tiﬁc articles is accessible on-line, the usage of large bibliographic
databases can support the process. In biomedicine, databases such
as MEDLINE [1] provide enormous collections of texts that could be
used for knowledge discovery. However, ﬁnding the right informa-
tion in broad data collections requires a great deal of skill and time.
Consequently, the need for tools and techniques for processing the
vast amount of data available on the Internet grows rapidly.
Large advances of text mining and knowledge discovery tech-
nologies [2] facilitate sharing of knowledge and experience among
researchers from different, yet related ﬁelds of sciences. This is
especially important in interdisciplinary sciences such as biomed-
icine, since such disciplines need the expertise at the intersections
of their component sciences [3]. Finding evidence in the biomedi-
cal literature to support previously overlooked relations between
biomedical concepts represents new knowledge. When uncoveredll rights reserved.
), tanja.urbancic@p-ng.si (T.
.macedoni-luksic@mf.uni-lj.sirelations are interesting frommedical point of view and can be ver-
iﬁed by medical experts, they can contribute to a better under-
standing of diseases and related phenomena.
The idea of performing literature-based discovery of possible
relations between previously disjoint concepts was ﬁrst presented
by Swanson [4,5]. He designed the ABC model to facilitate the dis-
covery of hypotheses by linking ﬁndings across scientiﬁc literature.
The ABC model embodies a search for new indirect relations be-
tween two disjoint sets of records (A and C) via intermediate words
and phrases, B, that are common to A and C. According to Swanson,
AB relations and BC relations should have already been separately
reported in the published literature, but not considered together.
Since our method is based on the same idea, the ABC model ap-
proach is described in more detail in the next section.
In this article we present RaJoLink, a method that implements
Swanson’s ABC model approach in a new way. We use the nota-
tions A–C (uppercase symbols) to represent a set of terms (e.g., lit-
erature, or set of records, or list of terms), while a–c (lowercase
symbols) represent a single term. The main novelty of the pre-
sented method is a semi-automated suggestion of candidates for
agents a that might be logically connected with a given phenome-
non c under investigation. In RaJoLink, the choice of candidates for
a is based on rare terms identiﬁed in the literature on c. If litera-
tures on these rare terms have an interesting term in common, this
Fig. 1. Closed (left model) versus open (right model) discovery process as deﬁned
by Weeber et al. [11].
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literature on a and literature on c are then searched for in the
closed discovery approach to provide additional supportive evi-
dence for uncovered connections.
The reasoning underlying the selection of candidates a is the
following: If there are some rare terms that appear in literature
on c, let us have a look at all available records about these rare
terms. If these records have an interesting joint term a in the inter-
section, let us check if it has some logical connections with c. Con-
centrating on rare terms increases the probability that the
suggested candidates have not yet been explored in terms of their
connections with c.
The need to support the process of communicating research
ﬁndings across the disciplines has been emphasized also in the
context of autism research, which is carried out in different ﬁelds,
such as behavioural psychology, genetics, biochemistry, brain
anatomy and physiology [6,7]. The complexity and heterogeneity
of autism spectrum disorders, as well as several distinct possible
causes pose signiﬁcant challenges to autism researchers who try
to explore causes and to identify phenomena that may lead to aut-
ism. These facts have motivated us to select autism as the testing
domain for discovering hidden knowledge of value within the sci-
entiﬁc literature in different ﬁelds.
The proposed method was introduced in [8,9] where our study
in mining the literature on autism was presented. In this paper we
decouple the method from the problem domain, which enables
more general description. Besides, we describe and explain the
steps of the method in more detail. The paper is structured as fol-
lows. In Section 2 we give a brief overview of Swanson’s ABC model
approach and related text mining applications, which use the ABC
model for discovering complementary concepts in disjoint bio-
medical articles. In Section 3 we describe the RaJoLink method
for identifying implicit and previously unknown connections on
the basis of rare terms. In Section 4 we present the application of
the RaJoLink method to the literature on autism. Experimental re-
sults given in Section 5 are followed by the evaluation in Section 6.
Section 7 brings conclusions, opens questions and gives directions
for further work.
2. Background and related studies
The MEDLINE database can serve as a rich source of hidden rela-
tions between biomedical concepts, as shown in 1986 by Swanson
[4]. According to his proposal, some distinct unrelated literatures
could be linked to each other by arguments that they treat. For in-
stance, if a literature A (i.e. a set of all available records about a in
the database serving as a source of data) reports about a term a
being in association with a term b, and another literature C associ-
ates a term c with a term b, we can thus assume the literature B as
an unintended implicit potential connection between the litera-
tures A and C. For literature-based discovery, Smalheiser and
Swanson [10] designed the ARROWSMITH system based on MED-
LINE search. Their major focus was on the hypothesis testing ap-
proach [11], which Weeber et al. [12] deﬁned as a closed
discovery process (left model in Fig. 1), where both a and c have
to be speciﬁed at the start of the process.
As reported by Weeber [13], Swanson’s ﬁrst literature-based
hypothesis that dietary ﬁsh oil might beneﬁt patients with Ray-
naud’s disease [4], was a coincidence. Thereafter, Swanson studied
the literatures of both target concepts, namely ﬁsh oil (a) and Ray-
naud’s disease (c) for ﬁnding the linking terms (b) with already
having this hypothesis in mind. On the other hand, an open discov-
ery process (the right model in Fig. 1), is characterized by the ab-
sence of prespeciﬁed target concepts. If we are investigating a
subject denoted with the term c, the open discovery starts with
having only the term c and the corresponding set of articles inwhich term c appears (called also literature C), without knowing
the target term a, which is discovered later as a result of this
process.
Several other text mining and hypothesis generating systems
were developed following the early work of Swanson. Lindsay
and Gordon [14] tested Swanson’s discoveries of connecting Ray-
naud’s disease to ﬁsh oil and migraine to magnesium deﬁciency
by using different lexical statistics, such as word frequency counts.
The authors tried to ﬁnd relevant words on top of ranked lists in
their open discovery approach and thus replicated Swanson’s ﬁrst
two discoveries. However, their relative frequency statistic fail in
suggesting magnesium and extensive analysis has to be based on
human knowledge and judgement rather than automated proce-
dures. Weeber [13] points out that the expert knowledge is indis-
pensable in the literature-based discovery to choose among
possible results and to determine potentially contradicting infor-
mation. Weeber et al. [12] simulated the same two Swanson’s dis-
coveries with Natural Language Processing techniques by
searching biomedical Uniﬁed Medical Language System concepts
in texts. They developed a system for generating new hypotheses
from the literature, called Literaby [13]. The Srinivasan and col-
leagues’ [15] open discovery approach, on the other hand relies
nearly completely on Medical Subject Headings (MeSH). But
although they reduced the amount of manual effort and interven-
tion, an important part of the process depends almost entirely on
the user.
Some other researchers concentrated on literature mining and
knowledge extraction from biomedical databases, too. Among
them, Hristovski and Peterlin constructed a literature-based bio-
medical discovery support system, called BITOLA, and found the
evidence for associations between several genes and diseases
[16]. Another literature-based discovery system, named LitLinker,
was presented by Yetisgen-Yildiz and Pratt [17], who combined
knowledge-based methodologies with statistical methods to cap-
ture new connections between diseases and chemicals, genes or
molecular sequences from biomedical literature. Both systems,
BITOLA and LitLinker, like in Srinivasan and colleagues’ case, also
use MeSH descriptors as a representation of the MEDLINE docu-
ments, instead of using title or abstract words. Here, problems
arise since some signiﬁcant terminology from the subject content
of a document may not be covered because MeSH indexers nor-
mally use only the most speciﬁc vocabulary terms to describe
the topic discussed in a document [18].
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In the approach presented in this paper we have expanded the
Swanson’s ABC model for literature mining by suggesting how
terms a can be determined in a semi-automatic way. Although
our literature-based discovery approach combines open and closed
discovery processes (Fig. 2), the main focus is on the open discov-
ery with a goal to identify the term a, which is represented in the
upper half of Fig. 2.
The main emphasis in text mining investigation has been to di-
rectly exploit co-occurrence based relationships between MEDLINE
documents [15]. The open discovery process in RaJoLink is, on the
contrary, based on identifying rare terms within the literature C.
Rare terms are our innovative pathways to an unknown term a.
Each rare term in the RaJoLink method refers to a term that is
exceptional for the literature on term c. More precisely, a term is
rare if it appears in less than or equal to n records, n being a param-
eter that can be varied in the experiments. In our case, n was set to
1, because we are interested in only novel connections. The ratio-
nale to motivate our choice of n is that if a piece of information ap-
pears rarely in the set of articles, not many researchers are
acquainted with it, so it might be worth exploring it further. Note
that the role of rare terms in our approach does not correspond to
the role of terms b as used in Swanson’s ABC model for relating two
disjoint literatures (literature C and literature A). In our case, rare
terms are used to generate the term a as a joint term that is shared
by two or more individual literatures on the selected rare terms.
The reasons for our focus on rare items within the literature C
lay in the associationist creativity theory [19] with particular re-
gard to the kinds of context-crossing associations, called bisocia-
tions [20]. Bisociation involves the literal processes of the mind
when making entirely new connections among concepts from con-
texts or categories of objects that are normally considered separate
categories. Throughout the history of science, this mechanism has
been the essence of innovative insights and paradigm shifts. How-
ever, no comprehensive ICT methodology has yet been developed
on this basis. Therefore we ﬁrmly believe that our methodology
contributes to this particular approach to scientiﬁc discovery,
which is based on an existing, but hitherto not computationally
implemented notion of bisociation.Fig. 2. Combined open and closed discovery process in the RaJoLink method. The
upper half of the ﬁgure corresponds to the open discovery (identifying rare terms r
and ﬁnding a joint term a) and the lower half to the closed discovery (searching for
linking terms b).Mednick [19] deﬁned creative thinking as the ability to generate
new combinations of distant associative elements (e.g., words). He
explained that thinking of concepts, which are not strictly related
to the elements under research, inspires unexpected useful con-
nections between elements and thus considerably improves crea-
tive process. Actually, marginal observations are not necessarily
characterized by mistakes or inaccuracies but may provide an indi-
cation of valuable information [21]. From this point of view, crea-
tive thinking constantly involves a process of evoking latent
possibilities to discover new useful information and unforeseen
knowledge.
Having disjoint literatures A and C, we are looking for linking
terms b that are mentioned in both, the literature A as well as in
the literature C. Pairs of documents with the same b are subject
to closer inspection in order to ﬁnd out whether by putting state-
ments about b in these two articles together supports the hypoth-
esis about a meaningful relation between a and c. In this manner,
the closed discovery process in RaJoLink is based on the original
Swanson’s model. However, we contributed an innovative ap-
proach also to the closed discovery. In fact, our search for linking
terms b is done in a semi-automated way that signiﬁcantly reduces
manual work and efﬁciently points to meaningful relations be-
tween the concepts a and c as described in [8,9] and in the Section
3.3 of this paper.
We have named the method RaJoLink after its key procedural
elements: Rare terms, Joint terms, and Linking terms. The method
consists of three steps as presented in Fig. 3. Step Ra and step Jo to-
gether implement the open discovery process, while step Link
implements the closed discovery. In the continuation we present
these steps in more detail.
3.1. Step Ra
The aim of this step is to identify rare pieces of information in a
set of documents about the term c (the literature C) in order to in-
crease the chance of discovering useful implicit relations, which
are still unpublished in the literature. Let us denote the total num-
ber of records in the input ﬁle with N, and with n(T) the number of
records that contain term T. In practice, the attention is focused on
terms that rarely appear in the input set. A term appears rarely in
the input set of records if it appears in a relatively small portion of
them. Typically, we take that term T is rare if n(T) equals 1. How-
ever, note that such constraint is quite sensitive to adding new
articles to the input set of records. The term rareness or common-
ness in text corpus may change by adding new text to the existing
input corpus. An infrequent term will become more frequent if the
text that was added to the input ﬁle contains such term.
In order to make the search for rare terms effective, the prepro-
cessing step also includes lemmatization, exclusion of words from a
stoplist and ﬁltering according to MeSH classiﬁcation [18]. The pre-
sentedmethod ﬁrst compares three-word terms from the input text
with the 2008 MeSH terms. If a multiple word term is found among
MeSH terms, it is added to the list of terms for the further statistical
analysis of strings. Afterwards, the same is executedwith two-word
terms from the input text. Multiple word terms that are not found
in MeSH thesaurus are treated as individual words. We use the sec-
ond-level categories from the 2008 MeSH tree structure (e.g.,
Behaviour and Behaviour Mechanisms—F01, Psychological Phe-
nomena and Processes—F02, Mental Disorders—F03, Behavioural
Disciplines and Activities—F04) to classify terms from the input text
collection. Each of the second-level categories belongs to one of the
top-level categories in theMeSH hierarchy, which are: Anatomy—A,
Organisms—B, Diseases—C, Chemicals and Drugs—D, Analytical,
Diagnostic and Therapeutic Techniques and Equipment—E, Psychi-
atry and Psychology—F, Biological Sciences—G, Natural Sciences—H,
Anthropology, Education, Sociology and Social Phenomena—I,
Fig. 3. Flow chart showing the procedures of the RaJoLink method.
Fig. 4. A screenshot of RaJoLink system showing second-level MeSH categories
(V01, V02, V03, VO4) and the general category of terms (V05) within their top-level
category (V).
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Science—L, Named Groups—M, Health Care—N, Publication Charac-
teristics—V, Geographicals—Z. To implement ﬁltering of terms
there are alternative options that can be chosen by the user, which
can be either one or more top-level and/or second-level categories
from the MeSH hierarchy. Words that are of high interest in the
medical science are included inMedical Subject Headings. Focusing
on such words can narrow down the search space and, thus, speed-
up and improve the inference process. On the other hand, words
that are not part of the MeSH, are automatically added to the sec-
ond-level general category, which we named Various—V05 and
added to the second-level categories V01, V02, V03, and V04 of
the top-level MeSH category: Publication Characteristics—V. For
this reason we use the top-level category also named Various
(Fig. 4) instead of the originally named top-level MeSH category
(i.e. Publication Characteristics).
Lemmatization is used to eliminate various forms of a single
word. We employed the lemmatizing software from the Lemma-
Gen library developed by Juršicˇ and colleagues [22]. Stoplists con-
tain words that are predictably of no interest and should, therefore,
be excluded from the input records. In this way, all the terms that
are not subject-oriented should be ignored. We use a list of 571
English stop words (i.e. generic words such as a, able, about, above,
and according).
For each term T that appears in the set of records, n(T) is calcu-
lated using frequency statistics based on Bag of Words (BoW) text
representation [23], wherefore we employed the Txt2Bow utility
from the TextGarden library [24]. As previously stated, all terms
with n(T) equal to 1 are selected as rare. Let us denote such terms
with r. After that, a subject expert has to indicate interesting rare
terms r1, r2,. . .rp out of them, with regard to the background knowl-
edge about the subject of interest. Note that p can be regarded as a
parameter of the method. When rare terms cannot be found by
using this minimum frequency of term’s occurrence, it is necessary
to return back to the beginning of this step and repeat the process
by taking into account larger number of input documents or bychoosing higher value of the parameter n(T). The appearance of
the selected rare terms in the literature C, however, means that
they had already been reported in the context related to term c.
Therefore, the rare terms represent only intermediate results to-
wards the new knowledge discovery. Neither should they be con-
sidered to have the same property as b terms, although the rare
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C, but not with A and C jointly. The reason is that when testing the
hypotheses by searching for meaningful linking terms b between
the literatures A and C, the focus should be on the most frequent
terms, while the rarest ones are interesting in the hypotheses gen-
eration phase.
3.2. Step Jo
When the data analyses described in the step Ra are completed,
new individual sets of records, one for each selected rare term,
have to be obtained and further analyzed. For this purpose, a set
of articles about each of the rare terms selected in the step Ra
are automatically retrieved from MEDLINE or extracted from other
document source. After preprocessing each set of articles as in step
Ra, the goal is to ﬁnd the terms that the textual collections have in
common. Again, BoW representation is used for the task. For taking
into account multi-word terms, the maximal length of n-grams
being 3 can be used as standard set of parameters for Txt2Bow util-
ity [24]. A term from the BoW qualiﬁes as a joint term if it appears
in at least two sets of records about the rare terms. At the same
time, it has to be absent from the set of records about the term c,
generated in step Ra. The intermediate output of this step is, there-
fore, joint terms a1, a2,. . .,aq as the intersection of the literatures on
the rare terms. If joint terms are not obtained via the rare terms se-
lected in the step Ra, it is necessary to return back to the results of
the previous step and broaden or change the actual selection of
rare terms and repeat the process.
The expert role is crucial also in the step Jo. Based on the expert’s
opinion, one of the proposed joint terms is selected for further
investigation to be done in the step Link. On the basis of the selected
joint term new hypotheses are formulated and subsequently tested
following the Swanson’s ABC model for closed discovery.
3.3. Step Link
In order to provide explanation for hypotheses generated in the
step Jo, our method searches for links between the literature on
joint term a and the literature on term c. This step is equivalent
to Swanson’s closed discovery [5]. Nevertheless, our closed discov-Fig. 5. OntoGen’s similarity graph of a set of autism and calcineurin articles’ abstracts
window. As the autism topic is selected, the list of abstracts, which are in the relationshi
The distinctive calcineurin article (Oxidative) is visualized among the autism context doery approach contains another unique aspect of our method in
comparison to the literature-based discovery investigated by oth-
ers. It is the focusing on neighbouring documents in the docu-
ments’ similarity graph (Fig. 5), which is deﬁned over the
combined dataset consisting of literatures A and C as we exten-
sively analyzed in our previous work [8,9].
Within the whole corpus of the textual dataset consisting of lit-
eratures A and C, which acts as input for step Link, each text docu-
ment represents a single record. After preprocessing similar to that
used in steps Ra and Jo, a single document is represented by a set of
words using BoW representation. The appearance of co-occurring
words is employed as a measure of content similarity. Its compu-
tation is performed with OntoGen, which was designed by Fortuna
and colleagues for interactive data-driven construction of topic
ontologies [25]. The content similarity is based on the textual
description of documents and is measured using the standard
TFIDF (term frequency inverse document frequency) weighting
method [26]. This way, all the records are sorted according to sim-
ilarity and the content related documents are obtained by compar-
ing neighbouring documents from the list (Fig. 5). Since the search
for the linking terms can be combinatorially complex [5,27], focus-
ing on neighbouring documents can be used as a heuristic guid-
ance to speed-up the process and alleviate the burden on the
expert to sort out the meaningful explanations.
Some articles in MEDLINE are represented with titles, some
with titles and abstracts, but only few of them have full text con-
tent available. Any of these articles’ parts can be used as an input
for RaJoLink. The choice of document parts that are taken into ac-
count when preparing the input for RaJoLink (e.g., titles, abstracts
or full texts), has an important impact on the guidance of the entire
text mining process. In this step, using abstracts rather than entire
texts of articles is recommended. This recommendation can be ar-
gued by one of our previous studies [28], which pointed out that
using only abstracts produced better results than using whole texts
or only titles. Besides, the terminology used in abstracts has a
stronger importance when compared to a randomly chosen part
of the article’s text corpus of the same size. In our supposition,
the linking terms b1, b2,. . .br that are searched for by word intersec-
tions also have an even stronger connecting role between the two
literatures this way.. Two main article topics (autism and calcineurin) are listed on the left side of the
p with this selected topic, is presented in the central part of the OntoGen’s window.
cuments.
Table 1
Schema of the RaJoLink method
Step Input Action Tool, technique Expert’s involvement Output
Ra Set of records about c 1.1 Extraction of texts Digital document archives
1.2 Data collection preprocessing Word processing software
1.3 Identiﬁcation of rare terms r Word frequency statistics
1.4 Terms ﬁltering Content ﬁltering Indication of interesting
rare terms
Rare terms r1, r2,. . .rp
Jo Sets of records about r1, r2,. . .rp 2.1 Extraction of texts Digital document archives
2.2 Data collections preprocessing Word processing software
2.3 Search for joint terms Word frequency statistics Selection of a signiﬁcant
joint term
Joint term a
Link Joint set of records about a and
records about c
3.1 Extraction of texts Digital document archives
3.2 Data collection preprocessing Word processing software
3.3 Identiﬁcation of content related
A and C records
Text analysis
3.4 Search for linking terms b Word intersection Selection of meaningful
linking terms
Linking terms b1, b2,. . .br
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prove the evidence gathering phase when analyzing individual a
terms in their potential connection with the term c. In fact, even
Srinivasan and colleagues, who declared to have developed the
algorithms that require the least amount of manual work in com-
parison with other studies [15], still need signiﬁcant time and hu-
man effort for collecting evidence relevant to the hypothesized
connections. In the comparable RaJoLink’s approach, a subject ex-
pert should be involved only in the conclusive actions of the step
Link to accelerate the choice of signiﬁcant linking terms. The pre-
sented procedural elements of the steps Ra, Jo, and Link are sum-
marized in Table 1.
4. Application of the RaJoLink method to the literature on
autism
We have examined the method on the literature on autism. Aut-
ism is a complex neurodevelopmental disorder with the estimated
prevalence of 5.8 per 1000 children [29]. It belongs to a group of
pervasive developmental disorders that the fourth revised edition
of Diagnostic and Statistical Manual of Mental Disorders catego-
rizes as a group of symptoms of neurological development, associ-
ated with early brain mechanisms [30]. It is mainly manifested as
impairment in social relatedness, communication and as repetitive
routines and restricted interests [31].
An interaction of multiple risk factors is considered to contrib-
ute to the autistic disorders. However, the aetiologies of autism are
still largely unknown. Distinctive neuropathological, genetic and
environmental studies are of central interest to autism research.
In our literature-based study of autism we have mainly focused
our attention on biochemical substrates and neurological
mechanisms.
Many mechanisms that might be lying behind neurological dis-
orders of autistic patients have been examined and important ad-
vances have been recently made in understanding neural systems
that process various types of information. Imaging and other
examinations of the autistic brains have shown several brain irreg-
ularities, among them the altered neuroanatomy [32], as well as
abnormal cellular neurochemistry [33]. Within this context,
molecular changes in brain development and neurotransmission,
morphological distinctions of particular neurons, and regional
brain volume abnormalities have frequently been reported [34].
Various neurological conditions in autism reﬂect also in the het-
erogeneity of the possible neuropathological causes of this disor-
der. Therefore, we have started our autism research with an
assumption that neurological substances, processes and transfor-
mations play a central role in the pathology of autism.5. Experiment and results
We retrieved the documents for application of the RaJoLink
method to the autism literature using the PubMed search engine.
PubMed provides access to the U.S. National Library of Medicine’s
premiere bibliographic database MEDLINE, as well as to some addi-
tional sources of bibliographic information on diseases, public
health, pharmacy, pharmacology and other biomedical topics. Pub-
Med automatically retrieves and displays citations on the entered
search terms. A single citation may include abstract, full text in
PubMed Central or links to full text available elsewhere. We per-
formed a PubMed search of articles on autism for the last 10 years
and thus collected 214 documents with their full text available in
the PubMed Central. We computed the preprocessing of docu-
ments by converting the HTML and PDF papers to text, and by
deleting graphics, paragraph marks, and manual line breaks from
the full text versions, so that each document occupied one record
in the input ﬁle. Obtaining and handling of full texts of literature
requires extra time in terms of locating and converting them into
a plain text format. Unlike titles and abstracts, which are available
in HTML, the full texts from the early issues of some journals are
provided only as PDF ﬁles. Consequently, their handling requires
extra processing time. Also, the full-length articles can be only ac-
cessed from journals that are available for free or via a particular
subscription. However, the full-length biomedical articles contain
an abundance of data and if user could capture important informa-
tion from them, it is worth spending additional time on obtaining
and processing such text.
After analyzing the literature on autism, we generated its statis-
tics of terms and a compiled list of rare terms. About 2000 terms
were fully automatically detected in the step Ra. Each of them ap-
peared only in one of the documents from our set of 214 autism
documents, which means that only terms with n(T) equal to 1 were
selected as rare. We disregarded the terms that are not subject-ori-
ented, such as the words: atomic, bundle, checkout, and dipper. In
our experiment we considered only the D12 second-level category
from the 2008 MeSH tree structure, i.e. Amino Acids, Peptides, and
Proteins [18]. Thus we chose meaningful rare terms, as in our
experimental case the words: lactoylglutathione, synaptophysin,
and calcium channels.
In the step Jo, we collected the PubMed abstracts of articles about
lactoylglutathione, synaptophysin and calcium channels literature,
respectively. We searched for the terms that the three textual ﬁles
have in common and thus singled out joint terms for the literatures
on the three rare terms. From several joint terms that were found
automatically, calcineurin, a proteinphosphatase that iswidelypres-
ent in mammalian brain [35], was chosen for further investigation.
Fig. 6. Venn diagram of arguments (bi) found as connection between the scientiﬁc
literature on autism (C) and the scientiﬁc literature on calcineurin (A).
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of articles on autism as well as articles on calcineurin from Pub-
Med database. In the combined set of literature on autism and lit-
erature on calcineurin, we were looking for exceptions within
each of the two subgroups of literature, i.e. the calineurin articles
among autism major groups of articles, and vice versa. In fact,
according to the semantic similarity measure some articles on
calcineurin were found in the subgroup of articles on autism.
Similarly, there were some articles on autism in the subgroup
of articles on calcineurin. Such exceptions led us to terms Bcl-2,
calmodulin, synaptic plasticity, and 10 other linking terms between
the literature on autism and the literature on calcineurin. Results
are demonstrated according to Swanson’s ABC model in a Venn
diagram (Fig. 6).
Note that the reapplication of the RaJoLink method on a re-
stricted set of records mentioning both, autism and fragile X, re-
sulted in some other ﬁndings relevant for autism research. More
concrete, as presented in [9], NF-kappaB was identiﬁed as a joint
term with potential role in autism.
6. Evaluation of experimental results
6.1. Contribution to understanding of autism
The qualitative evaluation of the generated hypothesis that cal-
cineurin is connected with autism was performed by a medical ex-
pert. She conﬁrmed the results, which drew attention to
interesting connections between two well developed, but not suf-
ﬁciently connected ﬁelds [9]. In particular, she justiﬁed this state-
ment by the recent calcineurin studies, indicating that calcineurin
participates in intracellular signalling pathways that regulate syn-
aptic plasticity and neuronal activities [36]. In addition, she com-
mented that an impaired synaptic plasticity is thought to be also
a consequence of the lack of FMR1 protein in fragile X syndrome,
which is one of the identiﬁed causes of autism [37].
To the present, no direct evidence of calcineurin role in the aut-
ismphenomena has been reported on the Internet. Therefore, inves-
tigations of the calcineurin role in autismwould be of great interest.
Similarly, also the relation between autism and NF-kappaB, which
was conﬁrmed as relevant for the autism research in [9], would be
interesting for further examinations.
6.2. Required human effort
Due to an enormous quantity of articles available on-line, liter-
ature-based knowledge discovery has become a very time consum-
ing and laborious task. The RaJoLink method is intended to support
experts on their way towards new discoveries. It covers both, open
discovery and closed discovery processes. In both processes it
tends to reduce the required human effort.
Swanson stated that in open discovery processes success de-
pends entirely on the knowledge and ingenuity of the searcher
[5]. The aim of RaJoLink is to reduce the search space, thus making
the task easier for the searcher. At the same time, by focusing onrare terms the system identiﬁes the candidates that are most likely
to lead towards meaningful unpublished relations. This way, the
system automatically produces intermediate results. Search space
is further reduced by human choices of rare terms and joint terms.
In addition, human involvement in these steps assures that search
process concentrates on those parts of the search space that are
interesting and meaningful for a subject expert. Based on these
strategies, RaJoLink is designed to make the expert’s involvement
easy and efﬁcient.
The search for the linking terms b in closed discovery process is
combinatorially complex [5,27]. Here, RaJoLink gives priority to the
terms b from two records, one from the set of records A and one
from the set of records C, so that records in which b appears are
close with respect to the similarity measure. The ﬁnal choice of
linking terms is, again, provided by a subject expert. Expert’s expli-
cit involvement in the process enables more focused and faster
obtainment of results which are meaningful and interesting for
further investigation. In the key steps of the process, RaJoLink sup-
ports the expert by listing term candidates sorted by estimated po-
tential for the knowledge discovery.7. Discussion
The huge sets of biomedical articles, which augment the space
of possible hypotheses for problem solutions, represent a signiﬁ-
cant challenge in the ﬁeld of biomedical discoveries based on liter-
ature. The vast amount of textual data might lead to an
information overload. Extracting useful knowledge in the form of
uncovered relations can therefore be very time consuming. To as-
sist researchers in this process, we have proposed the method of
combining word frequency statistics and semantic text analysis
techniques following the Swanson’s ABC model approach. When
identifying plausible new relations across disjoint biomedical liter-
atures, Swanson’s investigation of the subject of interest prevail-
ingly starts by already having a hypothesis [11], which is then
tested in the closed discovery process. In the proposed RaJoLink
method, we concentrate on open discovery, in which hypotheses
are not known in advance. A fundamental difference from the pre-
viously proposed models of the open discovery approach and the
unique contribution of the RaJoLink method therefore lies in the
rarity principle that we apply to the open literature-based discov-
ery. In fact, we use rare terms identiﬁed in the literature on c to
guide the search for new hypotheses. We have applied various sta-
tistical and computational tools in innovative ways to speed-up
and improve the knowledge discovery process.
The main novelty of our work is the development of a method-
ology for user-guided knowledge discovery using the rarity princi-
ple together with the notion of bisociation. Current literature-based
approaches are limited as they depend heavily on simple, associa-
tive information search. Usually, association is computed using
measures of similarity or co-occurrence. Association techniques
have many advantages: they are effective in identifying related
information and they are easy and efﬁcient to implement. Conse-
quently, they are a technique of choice for many applications. Even
though, due to their ‘hard-wired’ underlying criteria of association
or similarity, these methods fail to discover relevant information,
which is not related in obvious associative ways. Especially infor-
mation related across diverse contexts is hard to recognize with
the conventional associative approach. In these cases the context-
crossing connections, called bisociations, are often needed for crea-
tive, innovative discoveries.
Bisociative relationships can only be discovered on the basis of a
sufﬁciently large and diverse underlying corpus of information. In
our case this corpus are MEDLINE papers. The larger the corpus
is, the more likely it is to contain bisociative relationships. The
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bisociative relation discovery as it allows switching between con-
texts (papers from different areas) by exploring rare terms in the
intersection between contexts.
As Swanson was interested in speciﬁc aspects of diseases re-
search, namely the diet and food deﬁciency, our research approach
has been driven by neurological concepts that in our case have
served as a semantic ﬁlter at different stages of the experiment.
Moreover, we have been able to additionally limit the search space
in the discovery process by following only those terms, which
rarely appeared in whole texts of the subject under investigation.
Using whole texts of articles in this phase is therefore another dif-
ference between our proposed discovery process and Swanson’s or
Weeber’s processes, since they used mostly titles and abstracts of
articles.
In our training datasets we have managed to identify rare,
joint and linking terms that have led us to discover the relations
between calcineurin and autism. Although no direct assessment
of calcineurin involvement in the phenomenon of autism has
been published yet, we have been able to identify signiﬁcant links
between calcineurin and autism literature by combining the arti-
cles from two domains in a single set of literature and searching
for semantic similarities among documents from such combined
input set. However, we observe that it is difﬁcult to isolate impor-
tant domain concepts, such as neurological aspects, without prop-
er background knowledge. Therefore, by interacting with a
subject expert, the entire process of knowledge discovery can
beneﬁt in terms of speed and guidance towards meaningful solu-
tions. Especially in the cases where no lexical classiﬁcation is
available for the researched domain, the subject expert can pro-
vide the necessary background knowledge for the identiﬁcation
of meaningful results.8. Conclusions
In this article, an innovative method for literature-based discov-
ery is presented. The method is named RaJoLink after its key pro-
cedural elements, which are: rare terms, joint terms and linking
terms. The results of the initial experimental case studies suggest
that the RaJoLink method can enhance an existing literature-based
discovery. The main advantage of RaJoLink lies in the support of
the open discovery processes by the innovative use of rare terms
from the problem domain literature to guide the generation of
new hypotheses. Therefore the crucial step of the method is in
selecting rare terms. We managed to employ the rarity as a princi-
ple and a means to ﬁnd new interesting pieces of knowledge that
were previously available in the dispersed literature and could be
linked together.
To make RaJoLink an easy-to-use tool for efﬁcient knowledge
discovery in biomedicine, our future work will include implemen-
tation of different visualisations of results. To provide more guid-
ance to the users, the role of parameters values (such as the
threshold frequency of terms to be marked as rare, the number
of selected rare terms, etc.) will be systematically investigated. An-
other part of our further study will be the comparative application
of the complete RaJoLink method, as well as of its different steps,
on titles, abstracts and full texts as distinct parts of scientiﬁc arti-
cles. Furthermore, as RaJoLink method is generally applicable, we
will test it also on other problem domains.Acknowledgment
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